Abstract Purpose To examine item-level response shift associated with the change in asthma-related health state (i.e., change in asthma control status and global rating of change (GRC) in breathing problems). Methods Study sample comprised 238 asthmatic children who were between 8 and 17.9 years and completed the Pediatric Asthma Quality of Life Questionnaire (PAQLQ) symptoms, emotion function, and activity limitation domains at baseline and a follow-up assessment. Structural equation modeling was implemented to assess item-level response shift associated with the change in asthma-related health state with the adjustment for the influence of confounding variables. The magnitude of item-level response shift and its influence on the change of domain scores was estimated using Cohen's effect sizes.
Introduction
The comparison of health-related quality of life (HRQOL) scores over time is based on the premise that the meaning of concepts and the frame of reference for an individual remain consistent over time. However, when an individual's health state changes over time, he/she may also change his/her internal standards, values, and/or conceptualization of HRQOL. This is known as response shift phenomenon, defined as ''a change in the meaning of one's self-evaluation of a target construct as a result of: (a) a change in the respondent's internal standards of measurement (i.e., recalibration); (b) a change in the importance of component scales constituting the target construct (e.g., reprioritization); or (c) a redefinition of the target construct (i.e., reconceptualization) [1, 2] .'' It is important to evaluate the extent to which response shift will bias the interpretation for the changes of HRQOL over time and a HRQOL instrument's ability to detect responsiveness to change [3] . Attempts to identify response shift effect in children and adolescents, although limited, have demonstrated the influence of disease progression on the adjustment and interpretation of HRQOL scores over time [4] [5] [6] .
Changes in health state and clinical interventions are the primary catalysts for causing the occurrence of response shift [1, [7] [8] [9] [10] . The initial statistical methods for detecting response shift effects relied on then-test approach to assess recalibration effects. This method suffers from reliability and validity problems and thus has fallen out of favor [11] [12] [13] [14] . Although there are a number of emerging methods for response shift detection [15, 16 ], Oort's structural equation modeling (SEM) measurement method [9] is one of the most comprehensive approaches for testing different forms of response shift. This approach addresses other measurement issues simultaneously that include measurement bias and response shift effects in measurement. This framework is presented in Fig. 1 , where X represents the observed variables (e.g., PAQLQ items) on the latent construct (denoted by A) such as PAQLQ domain scores, explanatory variables (denoted by E) representing the causes or predictors (e.g., change in asthma control status) of domain scores, and V representing the confounding variables (e.g., child's age and sex) that may influence domain scores. In Oort's framework, response shift effects are identified if the relationships between the item information capturing a specific HRQOL concept are changed over time, as estimated by the change in model parameters over time. Measurement bias refers to the inequality in item ratings given the same level of underlying HRQOL between different groups of respondents [9, 10, 17] . In the longitudinal study design, this concept corresponds to response shift in measurement, meaning the relationship between the item ratings and subgroups of respondents is not the same over time given the same level of HRQOL [9, 10, 17] . In other words, response shift is a special case of measurement bias.
The majority of previous studies have identified response shift effects using SEM at the domain level. They assessed 
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ACT 1 SYM 1 SYM 2 Fig. 1 Graphical representation of the model to identify response shift, measurement bias, and response shift in measurement. ACT activity limitation, SYM symptom, EMO emotional function. Note Although not shown in the figure, all domains A are correlated with each other, all explanatory variables E are correlated with each other. The double-headed arrow represents correlations between all E and V variables and correlations between all V variables and A. Dashed arrows represent measurement bias/response shift. Single-headed arrow represents direct effects of E on A. T1 and T2 indicates the two time points in this study, i.e., baseline and anytime in a 3-month window whenever asthma control status changed the impact of response shift based on the change of HRQOL scores, comparing models that adjusted or did not adjust for response shift effects over time [18] [19] [20] [21] . This traditional approach at the domain level neglects, however, the reality that response shift effects can take place at the item level. Limited evidence is available on response shift at the itemlevel and how item-level response shift influences the change in the estimated HRQOL scores at the domain level [8] . As more clinicians utilize short-form scales to capture the same concept as the long-forms in busy clinical practice, it is important to test whether response shift creates any bias in the short forms. In addition, previous studies were designed in the context of ''pre-post events'' such as the completion of invasive surgery in cancer patients [19, 20] . Few response shift studies have focused on ''ongoing health states'' (e.g., frequent asthma exacerbation). To the best of our knowledge, a SEM measurement model that determines response shift effects at the item-level after accounting for measurement bias and confounding variables has never been investigated, especially in pediatric populations. Asthma is a common chronic condition in children [22] and the prevalence of poorly controlled asthma status varies between 32 and 64 % in asthmatic children [23] [24] [25] . Poor asthma control status is a major factor associated with impairments in different domains of HRQOL [22, [26] [27] [28] [29] [30] . The purpose of this study was to identify response shift associated with the change of health states in asthmatic children using the PAQLQ, an asthma-specific HRQOL instrument. Oort's modified SEM measurement model was applied to assess item-level response shift in asthma-specific HRQOL associated with health states measured by the change in asthma control status and global rating of change (GRC) in breathing problems. The impact of response shift was investigated by the change of HRQOL scores with and without adjusting for the response shift effects over time. We hypothesized that response shift in asthma-specific HRQOL can be detected at the item level due to its association with the change in asthma control status and breathing problems. However, the impact of response shift on the change of HRQOL domain scores will be small since acute asthma attack or an acute flare episode may be less significant life events.
Methods

Source of data
PROMIS Pediatric Asthma Study
The Patient-Reported Outcomes Measurement Information System Ò (PROMIS Ò ) Pediatrics Asthma Study is a NIHfunded project which was designed to validate PROMIS Pediatric Short Forms and a legacy measure, the PAQLQ.
Enrollment criteria
Potential participants were identified from the Florida Medicaid and State Children's Health Insurance Program (SCHIP); 238 dyads of asthmatic children and their parents agreed to participate in this study. The enrollment criteria included children between 8 and 17.9 years old and C18 years for parents, having continuous enrollment (C6 months) in Medicaid and SCHIP, having a diagnosis of asthma (ICD-9-CM: 493.1, 493.2, or other 493.x), experiencing at least two asthma-related health care visits during the past year, and having access to the internet and telephone services in the past 6 weeks. After children and parents enrolled into this study, a research package was sent to parents for introducing the study purpose and procedures.
Data collection
A dynamic patient-centered approach was used to collect longitudinal HRQOL data (Fig. 2) , and this approach assumes that individuals' HRQOL will be changed in different time frames per the change of underlying health status (i.e., asthma control). Asthma control status, peak flow values, nighttime sleep quality and quantity, and school functioning were reported weekly (26 weeks in total across 2 years) by parents through a research website: weeks 1-13 in the first year and weeks 14-26 in the second year. Pediatric HRQOL data were collected through telephone interviews with children at the first year baseline (T1), the first year follow-up (T2), the second year baseline (T3), and the second year follow-up (T4). The research team evaluated the change of asthma control status by comparing asthma control status reported in week 1 to a particular week between weeks 2-13 of the first year, and asthma control status reported in week 14 to a particular week between weeks 15-26 of the second year. If a change in asthma control status were identified, research coordinators scheduled a telephone interview with children to collect HRQOL data (T2 and T4). If asthma control status remained the same during the 13-week window, a telephone interview was scheduled at the end of the observational period to assess a child's HRQOL. In this study, only data collected from the first year (T1 and T2) were used for investigating response shift.
Measure
HRQOL
The PAQLQ was developed to evaluate asthma-specific HRQOL for children and adolescents between 8 and 17.9 years old. The questionnaire comprises 23 items Qual Life Res (2016) 25:1349-1359 1351 covering three domains: symptoms (10 items), activity limitation (5 items), and emotional function (8 items). A seven-point response category for each item is utilized (from 7 = ''not bothered at all'' to 1 = ''extremely bothered''). The specific domain scores are calculated by summing the corresponding item scores and dividing by the number of items [31, 32] .
Explanatory variables Asthma control and communication instrument (ACCI)
Asthma control status was measured using the asthma control and communication instrument (ACCI), which is a well-validated instrument to measure asthma control status [33] . This instrument was developed on the basis of the 2007 National Asthma Education Prevention Program (NAEPP) Expert Panel Report-3 (EPR-3) [34] . On the ACCI, 11 items assess 5 domains of asthma status including 5 items for asthma control; 3 items for short-term asthma-related health care; 1 item for direction of asthma symptoms; 1 item for adherence to daily asthma medication; 1 item for asthma concern; and 1 open-ended question for measuring patient and physician communication. Per the scoring guidelines, a child's asthma control status was classified as well-controlled or poorly controlled. The ACCI has demonstrated satisfactory psychometric properties including concurrent validity and discriminant and known-group validity [35] .
Global rating of change (GRC) GRC due to breathing problems was measured during the follow-up (T2) telephone interview by asking each child ''Are your breathing problems better, worse, or about the same as the last time we did this survey?'' GRC due to breathing problems was classified as better/about the same or worse.
Confounding variables
Several important covariates collected from the T1 assessment which can potentially influence a child's HRQOL were included in the analyses, including the child's age (a continuous variable), gender (male or female), race/ethnicity (white or non-white), and the number of comorbid conditions (a continuous variable ranging from 0 to 6).
Statistical analysis
A two-step procedure was conducted to first assess response shift for the PAQLQ, followed by measurement bias and response shift in measurement. This sequence of testing emphasizes the importance of identifying potential instances of response shift and investigating whether other measurement bias issues related to explanatory and confounding variables affect the results of response shift [9, 17] .
Step 1: establishing an appropriate measurement model
Step 1 was to establish the measurement model for the PAQLQ (Fig. 1) . This is an important step because lack of fit of the measurement model to the data can lead to erroneous identification of response shift, measurement bias, and response shift in measurement. A pre-specified construct of the PAQLQ reported in the previous publication [35] was used as a framework to identify the appropriate factor structure for this study. In this step, the factor loadings and intercepts were not constrained to be equal across the two time points. In Step 1a, explanatory variables and four confounding variables (child's age, race, gender, and comorbid conditions) were further added to Step 1. Step 2: detecting different types of response shift
In
Step 2, explanatory variables (change in asthma control status and GRC in breathing problems) with direct effects on the latent factors (i.e., domain scores) were included in the model. The analyses also adjusted for the influence of four confounding variables. All confounding variables were associated with explanatory variables and the latent factors; they were not assumed to directly affect the observed variables (i.e., items) (Fig. 1 ). Response shift was tested when comparing the model in Step 1a (parameters freely estimated with the inclusion of explanatory and confounding variables) to the model in Step 2 (parameters fully constrained with the inclusion of explanatory and confounding variables) using the Chi-square tests. If a statistically significant difference between Step 1a and Step 2 were found, the subsequent analyses was to identify a specific type of response shift (reconceptualization, reprioritization, recalibration) by testing the difference between the model with a relaxation on some constrained parameters and the model with full constrained parameters (Step 2a).
To identify specific types of response shift, the constraints on parameters of item factor loadings and item intercepts were sequentially relaxed (Step 2a) [18, 37] . For factor loadings and intercepts, one parameter of an individual item was relaxed at a time, and all other parameters were constrained over time. First, equality constraints were released on the factor loading of an individual item while imposing equality constraints on factor loadings of the remaining items. After inspecting each factor loading parameter, a similar process was conducted by releasing equality constraints on the intercepts of an individual item while imposing equality constraints on the remaining intercepts and factor loadings when response shift was not identified.
Reconceptualization response shift is indicated if a change in the matrix pattern containing all factor loadings at T1 differs from the matrix pattern of factor loadings at T2. Reprioritization response shift has occurred if the factor loadings of individual items in a specific domain changed over time. Recalibration response shift is indicated if the intercept of individual items in a specific domain changes over time. Recalibration response shift implies that subjects may adjust their perception to all response options in the same direction and to the same extent [8, 10, 18, 19] . Sequential analyses to identify different types of response shift were guided by the changes in the modification index values and Chi-square difference test (Chi-square difference of C3.84 with df(1); p \ 0.05) [10, 17] .
Step 3: detecting measurement bias and response shift in measurement Subsequent to the identification of different types of itemlevel response shift, measurement bias and response shift in measurement were investigated in Step 3 by adjusting for the influence of explanatory and confounding variables on individual items. Measurement bias is operationalized as a significant association between confounding variables and the response to individual HRQOL items at T1 and T2, respectively, given the same underlying HRQOL. Response shift in measurement is operationalized as the inequality in the magnitude of measurement bias across T1 and T2. In the modeling process, a total of 414 modification indices were calculated (92 (46 9 2) direct effects of 2 explanatory variables constrained at zero, 184 (46 9 4) direct effects of 4 confounding variables constrained at zero, 138 (46 9 3) factor loadings constrained over time, and 46 intercepts constrained over time). Due to the large number of tests, a Bonferroni-adjusted F value [38, 39] of 15.08 (associated with a probability of 0.05/414) was used to control for Type I error.
Two criteria were applied to identify the instances of measurement bias and response shift in measurement, where specific item parameters related to a modification index [15.08 were freely estimated by adjusting for the influence of explanatory and confounding variables, and these parameters only remained freed if the overall model fit indicated by a similar change in Chi-square value. The items with the highest modification indices and difference in Chi-square value [15.08 were the first to be freely estimated followed by the items with the second highest modification indices. This process was continued until all modification index values were \15.08. When the associations of explanatory and confounding variables with specific PAQLQ items were not equal across the two time points, response shift in measurement was identified.
Parameters estimated from Step 3 were used to calculate the effect size of the true change and the response shift. The absolute difference in the estimates between the model that accounted for response shift (Step 3) and the model that did not account for response shift (Step 2) represent the response shift effects. Cohen's effect size d with the values \0.2, 0.2-0.49, 0.5-0.79, and C0.8 were considered to be negligible, small, medium, and large, respectively [21] . LISREL 8.8 [40] was used to test the SEM, and SAS 9.1 software [41] was used for the remaining analyses. Based on the RMSEA values of 0.05 and 0.08, the present study had almost 100 % statistical power to reject the hypothesis that the model does not fit data [38] . Because the scores on the majority of the PAQLQ items were non-normally distributed per Kolmogorov-Smirnov and Shapiro-Wilk tests (p \ 0.001) (statistics and graphs are available upon request), a robust maximum likelihood (RML) estimation was used in SEM analyses. The attrition rate from T1 to T2 was 6.7 % (16/238) and the incomplete answer to the survey was approximately 0 %. Given the acceptable missing data, we decided to not adjust for the missingness in the statistical analyses.
Results
Description of the sample Table 1 shows that nearly 60 % (n = 142) of the children were male and 38 % (n = 91) were Caucasian. The mean age of children was 12.25 years (SD = 2.58). Table 2 shows the mean and SDs of the PAQLQ items at T1 and T2. Paired t tests indicated statistically significant improvement in 12 out of 23 items from T1 to T2 (p \ 0.05).
Identification of response shift, measurement bias, and response shift in measurement
Step 1: establishing an appropriate measurement model Parameters for factor loadings and intercepts of individual items were freely estimated between T1 and T2. Model fit statistics indicated satisfactory results with RMSEA = 0.050 (Step 1, Table 3 ) that allowed for testing different types of response shift, measurement bias, and response shift in measurement in Step 2 and Step 3.
Step 2: different types of response shift
To identify different types of response shift corresponding to the change of asthma-related health states, the factor loadings and intercepts of all items were constrained to be equal between T1 and T2 (Step 2). Response shift was tested when comparing the model in Step 1a (parameters freely estimated with the inclusion of explanatory and confounding variables) to the model in Step 2 (parameters fully constrained with the inclusion of explanatory and confounding variables) using the Chi-square tests. There was a statistically significant difference between Step 1a and Step 2; therefore, subsequent analyses were conducted to identify a specific type of response shift (i.e., reconceptualization, reprioritization, or recalibration). However, we found no instances of types of item-level response shift (Step 2a).
Step 3: measurement bias and response shift in measurement
Following the investigation of different types of response shift at the item level, Step 3 investigated the influence of explanatory and confounding variables on the PAQLQ items by testing measurement bias and response shift in measurement. Modification index values [15. 08 at T1 and/ or T2 indicated that the model fit could be further improved by accounting for measurement bias and/or response shift in measurement. The parameters for the item with highest value of modification index [15.08 were freely estimated followed by the item with the second highest modification index [15.08. These steps were continued until all modification index values were \15.08.
The relationship between GRC due to breathing problems and item #21 was not fully determined by their relationships with the latent trait of emotional domain. The modification index value was [15.08, and a direct relationship between GRC due to breathing problems and item #21 was included (estimated at -0.267). The violation of measurement invariance was consistent across T1 and T2, which indicated that children and adolescents with better/ about the same GRC due to breathing problems reported lower scores on this item than those with deteriorated GRC due to breathing problems, conditioning on the same latent trait of emotional domain. After freely estimating the parameter, the overall model fit indicated by Chi-square difference value was [15.08 (Step 3a, Table 3 ). Next, the relationship between GRC due to breathing problems and Numbers for each variable may not equal the sample size due to missing data SD standard deviation item #14 was not fully determined by their relationships with the latent trait of symptom domain. The violation of measurement invariance was consistent across T1 and T2 and a direct relationship between GRC due to breathing problems and item #14 was included (estimated at 0.336) indicating that children and adolescents with better/about the same GRC due to breathing problems had higher scores on this item in the symptom domain than those with deteriorated GRC due to breathing problems. After freely estimating the parameter, the overall model fit indicated by Chi-square difference value was[15.08 (Step 3b, Table 3 ). We found a positive effect of GRC due to breathing problems on item #14 (0.336 at T1). Neither measurement bias nor response shift in measurement was found to be associated with another explanatory variable (change in asthma control) and four confounding variables. After testing the influence of explanatory and confounding variables on items, the final model showed improvement and close fit, v 2 (1231) = 1916.925 and RMSEA = 0.049 (90 % CI 0.044-0.053).
Impact of response shift at the domain level
The impact of response shift on domain scores led to a negligible increase in mean latent scores of the symptom (ES = 0.017) and emotional function (ES = 0.019) 
Discussion
Using modified Oort's SEM approach [9] , we found no instances of item-level response shift in asthmatic children based on the PAQLQ. We also tested the association of specific asthma-related health states (i.e., change in asthma control and GRC in breathing problems) with the PAQLQ items. In support to our hypothesis, GRC due to breathing problems was found to influence PAQLQ items, after accounting for measurement bias and confounding variables. Two instances of measurement bias were identified where there were relationships between GRC due to breathing problems on one item in the symptom domain and another item in the emotional domain. However, the impact of measurement bias is small and will not bias the change of domain scores over time. Past pediatric studies have frequently used a design approach such as then-test to detect response shift effects [42] [43] [44] . Researchers have found divergent results across the then-test and the SEM when evaluating response shift [21] , whereas others have found similar findings across the two approaches [45] . The discrepancies can be attributed to the level of analysis, where the SEM approach and the then-test approaches identify response shift at the group and at the individual level, respectively [21] . Ours is the first study to use the modified method of Oort et al. [9] to investigate the presence of item-level response shift in a pediatric population. Response shift at the domain or group level will only be detected when a substantial number of participants are affected [18] [19] [20] [21] . The use of domain-level SEM may also mask the item-level response shift, especially recalibration response shift, because domain-level approach tends to neglect information at item level (e.g., item intercepts or thresholds).
We found that asthmatic children with better/about the same GRC due to breathing problems reported lower scores for item #21 of the emotional domain at T2 compared to those with deteriorated GRC due to breathing problems. In addition, asthmatic children with better/about the same GRC due to breathing problems reported better scores for item #14 of the symptom domain at T1 compared to those with deteriorated GRC due to breathing problems. Researchers note that response shift may be present in attitudes or emotional domains rather than in the symptom domains (e.g., fatigue or nausea) [46] . It has also been suggested that children are likely to undergo changes in their life perception compared with adults when the domain of interest appears to be changing over time [46] . Consistent with our hypothesis, our findings suggest that the change in GRC in breathing problems led to different ratings of two PAQLQ items given the same underlying construct. Several studies have found significant effects of response shift in pediatric populations with cancer, diabetes, and otitis media [42] [43] [44] . The possible interpretations are, first, the type of illness or health states, or the duration and severity of the disease experiences matter to the presence of response shift [1, 46] . In this context, response shift may be less likely to occur due to an acute asthma attack or an acute flare episode compared with significant life-threatening events such as cancer [6, 42] . Second, our study samples were not newly diagnosed asthma patients and were likely to have adapted to the disease progression; any response shift, if any, would have Table 3 Goodness of fit of models in measurement bias and response shift in measurement detection procedure when controlling for asthma health states and confounding variables
Step Specification Df v 2 RMSEA (90 % CI)
Step Step 2a Detect types of response shift
No specific types of response shift were identified
Step 3 Detect measurement bias and/or response shift in measurement
Step 3a Global rating of change in breathing problems-item #21 at T2 1232 1941.502 0.049 (0.045-0.053) Step 3b
Global rating of change in breathing problems-item #14 at T1 1231 1916.925 0.049 (0.044-0.053)
RMSEA, root-mean-square error of approximation; RMSEA B0.05 close fit, 0.05-0.08 reasonable fit, C0.10 poor fit a The parameter estimates include 46 factor loadings, 46 intercepts, 73 residual covariances (that includes between the same item across time, among the same item at each time point, and a few instances of covariances across different items), 21 common factor (co)variances and 6 common factor means resulting in a total of 192 parameter estimates already occurred, which also may explain no evidence of response shift effects. The Oort SEM methodology is useful for testing influence of catalysts on HRQOL by accounting for measurement bias and confounding variables [9, 10, 17] . Previous studies have not addressed the issues of response shift, measurement bias, and response shift in measurement together in a higher-order construct of HRQOL composed of domains and related items [10, 17] . Application of statistical methods using item response theory or Oort's proposed SEM approach for discrete data provides alternative methods for detecting response shift at the item level [47, 48] . In our study, it was feasible to evaluate the impact of multiple catalysts (e.g., change in asthma control status and global rating of change in breathing problems) on response shift in asthmatic children. Response shift was evaluated anytime in a three-month window whenever asthma control status changed and the frequency of health state changes over time may have influenced the occurrence of response shift. Future work should include more than two time points to enable assessment of multiple changes in health states and evaluate its impact on the identification of potential response shift.
There are several limitations to consider when interpreting our results. First, the generalizability of the findings is limited due to the use of participants who were enrolled in Medicaid/SCHIP programs. Second, it is plausible that certain unmeasured catalysts, for instance, the change in lung functioning measured by forced expiratory volume in 1 s and treatment strategies (e.g., inhaled corticosteroids) may affect response shift. Future work is needed to investigate the role of other potential catalysts to cause item-level and domain-level response shift among asthmatic children. Third, measurement model parameters for each domain were specified with item intercepts rather than item thresholds. This approach was applied to accommodate the small sample size in our study. A larger sample size is needed when using item thresholds for testing response shift.
Conclusion
No item-level response shift appears in asthmatic children based on the PAQLQ. However, two items of the PAQLQ emerge measurement bias related to GRC due to breathing problems. The impact of measurement bias is small and will not bias the change of domain scores over time.
